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Abstract
In the past year, various models of Covid-19 spread have been
proposed. While most of these models focused on the repli-
cation of the interactions’ processes through which the virus
is passed on from infected agent to susceptible ones, less ef-
fort has been devoted to the process through which agents
modify their behaviour as they adapt to the risks posed by the
pandemic. Understanding the way agents respond to Covid-
19 spread is important as this behavioral response affects
the dynamics of virus spread by modifying interaction pat-
terns. In this paper, we present an agent-based model which
includes a behavioural module determining the households’
isolation propensity in order to understand the role of various
behavioural parameters in the spread of Covid-19.
Introduction
Following its appearance in late 2019, the SARS-CoV-2
virus or Covid-19 has become the most significant global
pandemic since the 1918 Spanish Flu. As of 28 April 2021
the World Health Organization records over 148 million
confirmed Covid-19 cases worldwide, and over 3.1 million
deaths (https://covid19.who.int/). The scale and
severity of this global crisis, and the subsequent need for se-
vere public health restrictions to be implemented worldwide,
has generated significant interest in using agent-based mod-
elling (ABM) to simulate the spread of the pandemic and its
effects.
However, relatively few Covid-19 models have examined
the impact of behavioural factors on how individuals re-
spond to the risks posed by the pandemic; instead, much of
the extant modelling work is highly abstracted, and uses very
simplified behavioural models. For example, Wilder et al.
(2020) proposed an agent-based model in which out-of-
household contacts are based simply on a country-specific
contact matrix containing the mean number of daily con-
tacts agents of an age group have with agents from each of
the other age groups. Similarly, Silva et al. (2020) present a
model which allows agents to have differential exposure to
risk according to their economic status, but does not include
a facility for agents to modify their behaviour in accordance
with their own perception of risk.
A few empirical studies have investigated the factors as-
sociated with adherence to self-isolation and lockdown poli-
cies. Smith et al. (2020) show that the level of compliance
to lockdown measures depends on the perceived risk posed
by the virus and the perceived social norms. Pullano et al.
(2020) find that, in France, the reduced mobility after the
lockdown was positively associated with the number of hos-
pitalizations (which can be thought as a proxy for the risk
posed by the virus) and the socio-economic conditions.
In this paper, we present an agent-based model of Covid-
19 spread which accounts for the feedback process by which
pandemic dynamics influence agent behaviour and, in turn,
agent behaviour influences pandemic dynamics. The cen-
tral element of this process is a behavioural model through
which households reduce their level of social interaction
as a response to the perceived risks posed by the virus.
At this stage, our main motivation is the proposal of a
proof-of-concept framework. We propose that simulations
including these behavioural elements will potentially help
policy-makers to design more effective interventions in fu-
ture global health crises.
General framework
The simulation unfolds in two stages: in the first stage a
demographic process proceeds in one-year steps, from year
1860 to year 2020, to create a population whose demo-
graphic and socio-economic characteristics roughly repli-
cates those of the UK population. In the second stage, the
Covid-19 spread is simulated through one-day steps, starting
at the beginning of the year 2020 for 180 days.
Demographic process
This stage begins with the generation of an initial population
of couples, which are randomly distributed on a 8⇥12-cell
grid approximating the geography of the United Kingdom.
Each cell of the grid represents a town, and within each town
a number of houses is created proportional to the UK pop-
ulation density. Each year, a series of demographic events
drive the population’s dynamics: births, marriages, divorces
and deaths. Empirical population data (in the form of UK
Census data) is integrated into the model’s demographic pro-
cesses in 1951.
Agent life-course With a certain age-specific probability
the couple’s female will give birth. Agents enter adulthood
at the working age of 16: at this point they can either start
working or continue in education, a choice that is repeated
at two-year intervals, until the age of 241. After education,
agents become employed, taking a salary which is a function
of the education level they have reached (which is a stochas-
tic function of their parents’ socio-economic status. See
the Socioeconomic status subsection below). When agents
reach retirement age (set at 65 in these simulations), they
retire from employment.
Partnership Formation and Dissolution Once they
reach working age, agents can form partnerships. Agents
are paired randomly with probabilities that depend inversely
on the agents’ geographical distance from one another, their
age and socioeconomic differences. Age-specific annual
divorce probabilities determine whether a couple dissolves
their partnership in each year.
Internal migration Relocation happens most frequently
due to agents finding a partner in a different town. Male
agents will also relocate to new houses once a partnership
dissolves, and any children produced by that partnership stay
with the mother. Retired agents with care needs may move
in with one of their their adult children, with a probabil-
ity determined by the their care need level and the amount
of care supply in their child’s household. Orphaned chil-
dren are adopted by a household in their kinship network,
or by a random family if there are no available households
in their kinship network. Apart from these specific, event-
driven cases, households also relocate to another town with a
certain probability which is inversely proportional to the rel-
ative cost of relocation, defined as the ratio between the total
cost of relocation and the households’ per capita income.
Socioeconomic status and income Agents are placed in
one of five socioeconomic status groups (SES groups), based
on the Approximated Social Grade from the Office for Na-
tional Statistics.
Every employed agent receives an hourly salary which is
a function of its SES and its cumulative work experience.
On the basis of the total income of the household’s mem-
bers, each household is assigned an income quintile, which
affects a range of processes during the pandemic stage, such
as the size of social networks, the probabilities to visit cer-
tain venues, the isolation propensities and the probabilities
to develop different conditions (see the next subsection for
details).
1These two-year intervals represent educational stages corre-
sponding roughly to UK education levels: A-level, Higher National
Diploma, Degree and Higher Degree.
The interaction processes
In the second stage, the Covid-19 spread is simulated from
year 2020 for a period 180 days, through one-day time
steps. We assume that, initially, the virus is brought into the
UK from abroad, by international travellers, a process that
we will call exogenous infection. Then, the virus spreads
within the UK by means of two main spreading mech-
anisms: through the social interactions and through the
within-household interaction. We assume that the social in-
teraction process depends on the households’ decisions to
isolate. After the incubation period, the infected individuals
develop various conditions and, at the end of the infection
period, either recover or die.
Exogenous infections. In each period, a fixed share of the
adult, susceptible population is infected exogeneously, i.e.
through contacts they have with people abroad. We assume
that the probability of being part of this group, which can be
thought as composed of international travellers, depends on
the agents’ socio-economic status and the dimension of the
town where they come from.
Domestic interaction. The domestic infection is part,
with the infection through social interaction, of the endoge-
nous spread of the virus. We assume that the probability that
a susceptible agent is infected by a member of its household
is an increasing function of the number of infected house-
hold’s members and depends on the knowledge of the infec-
tion (as we assume that if an agent is knowingly infected the
household member will adopt a prudential behaviour reduc-
ing the probability of transmission).
Social interaction. In our model, social interaction takes
place in a series of venues the agents attend. At the begin-
ning of the pandemic stage, a number of venues is created
in each town proportional to the town’s population. In each
day, we allocate agents to the venues in their town in a way
that is consistent with age-specific interactions’ matrix for
the UK, as estimated by Prem et al. (2017). Moreover, we
assume that a certain percentage of agents visits other towns
in each period, to account for daily intra-urban commuting.
Starting from empty venues, agents are sequentially al-
located to venues in their town, with a probability which
depends on the geographical distance between the agents’
house and the venues’ location and the difference between
the mean of the socio-economic status of the venues’ atten-
dants and the socio-economic status of the agents to be al-
located (the assumption being that the choice of venues is
partly driven by socioeconomic affinity). The venues’ atten-
dants are sampled randomly from the population, so in each
period, an agent can visit more than one venue.
The probability of an agent attending a venue being in-
fected in proportional to the number of infected agents at-
tending that venue.
The behavioural module
As the pandemic unfolds, the number of people attending the
venues decreases as people become aware that the interac-
tion with other people carries the risk for them of getting the
virus. The prudential behaviour of the agents is represented
by the isolation rate, R, a function of the venue’s crowding
which can take values from 0 (no isolation) to 1 (complete
isolation). We assume that the agents’ R is determined at the
household’s level, as the isolation of each household mem-
ber affects the efficacy of the other members’ prudential be-
haviour.
Loosely following the Epstein’s ‘Agent Zero’ cognitive
architecture (Epstein, 2014), the household’s R is affected
by three factors: the public information regarding the virus’
contagiousness and virulence (the rational factor); the oc-
currence of virus-related events (infections, hospitalizations,
intubations or deaths) within the household’s neighbors (the
emotional factor); and the mean R of the household’s neigh-
bors (the social factor).
The role of public information. As for the rational part,
the household’s R, for a venue with n attendants, is given
by:
Rn = 1  e  ILn (1)
where I is the household’s income quintile (from 1, the
poorest, to 5, the wealthiest), Ln is the expected loss asso-
ciated with visiting a venue with n attendants and   is a be-
havioural parameter. We assume, therefore, that the higher
the household’s income quintile the higher its isolation rate
for a given expected cost, an assumption based on the em-
pirical observation that the higher the income the greater the
people’s possibility to isolate. Moreover, a higher income
means also a lower cost, in relative terms.
Following the behavioural function used by Green et al.
(1999) to describe the discounted value of probabilistic gains







where C represents the expected cost associated with in-
fection, given by:
C = pHH + pV V + pDD (3)
where the p0s are the age-specific public probabilities, in
order, to be hospitalized, to be intubated and to die, if in-
fected, and H , V and D are three parameters representing
the costs associated with each of the three events (for sim-
plicity, we set H = 1, V = kH and D = kV , with k being
a parameter greater than 1).
The denominator of 2, represents the discounting factor
of the expected cost of infection: it is a decreasing func-
tion of the perceived probability of infection associated with
attending a venue with n attendants, as a higher infection
probability means a less discounted (i.e. higher) expected
cost. While this probability cannot be but a very uncertain
and subjective estimate, we can assume that it is somewhat
associated with the virus’ speed of circulation and the num-
ber of people attending the venue. In particular, we assume
that the virus circulation is approximated by the number of
new infections, A, and that the effect of the venue’s crowd-
edness, Mn, grows with the number of attendants n (at a
decreasing speed).
The perceived probability of infection, is also affected
by two behavioural parameters, h and s, and a household-
specific variable, ↵, which regulates the effect of A and
Mn on the perceived probability of infection, variable that
changes through the emotional effect of the observation of
infections’ events (see section below).
The emotional factor. Each household is associated with
a network of neighbors. A household’s neighborhood is the
set of other households in which at least one member has a
relationship, as a next-of-kin or as a friend, with at least one
member of the household. This neighborhood network is
created through the kinship relations between agents, which
are the results of the demographic process, and by sam-
pling a set of friends for each agent, with the probability
of establishing a friendship depending on geographical loca-
tions and the differences between the agents’ ages and socio-
economic statuses. The links between an household and
its neighbors are associated with a weight which is the in-
verse of the geographical distance between the households’
houses.
The role of the neighbors’ network on the determination
of an household’s isolation rate is twofold: on one hand, the
neighbors’ mean isolation rate represents a ‘point of attrac-
tion’ for the isolation rate of the household (see next sec-
tion); on the other, pandemic events happening within an
household’s network generate an emotional bias of the in-
formation through which the household’s isolation rate is
determined, that is, the probabilities of infection and of de-
veloping various conditions if infected. The assumption is
that when agents observe pandemic events within their rel-
atives and friends, these tend to have a disproportionate im-
pact on the agents’ assessment of the events’ probabilities
and, therefore, on their decision to isolate (i.e. agents tend
to ‘overreact’).
The pandemic events the agents can observe are the infec-
tion, hospitalization, intubation and death of a member of an
household belonging to their neighbors’ network. Following
Epstein (2014), we model the effect of these events on prob-
abilities by means of a simplified version of the Rescorla-
Wagner model (Rescorla, 1972). In general, when an agent
observes a certain event, the new estimate of the probability
for that event, pt+1, will be given by:
pt+1 = pt +  (1  pt) (4)
where   is the increase rate of the estimate, a variable
which depends on the number of events observed and the
weights of the links between the household observing the
events and the households where these events took place.
Being the weights the inverse of the distance between the
households’ houses, the assumption is that the closer is the
observed event the greater will be the increases in the per-
ceived risk posed by the virus. On the other hand, when
no event is observed, the probabilities are slowly reduced
towards their ‘rational’ level, pi, represented by the public
information probability, through the equation:
pt+1 = pt   ✓(pt   pi) (5)
where ✓ is the rate at which the negative experience is
forgotten by the agent.
The social influence. We assume that, for each venue with
n attendants, the final isolation rate of an household, Rnf ,
is the weighted average between its emotionally-biased-
public-information isolation rate, Rnh and the weighted
mean of the N neighbors’ isolation rates, with the weights









where   is a parameter between 0 and 1 and the weights
wi are normalized so that their sum equals 1.
The virus course
Once an agent has become exposed, it is assigned one in-
fection course over four possible courses: asymptomatic;
symptomatic not hospitalized; hospitalized not in intensive
care; in intensive care. In accordance with empirical stud-
ies, we assume that the probability of developing more seri-
ous conditions grows with age, decreases with social status
and is higher for males than for females (Abate et al., 2020;
Brazeau et al., 2020; Guilmoto, 2020; Yanez et al., 2020;
England, 2020; Ferguson et al., 2020; Verity et al., 2020).
Upon exposure, the agent is also assigned an incubation
period, which, in line with empirical observations (Lauer
et al., 2020; McAloon et al., 2020), is drawn from a log-
normal distribution with mean of about 5 days, and a re-
covery period, whose length depends on the severity level
assigned to the agent, in order to reproduce a log-normal dis-
tribution of the recovery period with mean of about 12 days
at the population level. The exposed agent is also assigned a
viral load, which is drawn from a standard uniform distribu-
tion. The agent’s viral load determines its contagiousness.
After the incubation period, the agent starts to develop
symptoms (if not asymptomatic) and, in line with empiri-
cal observations (He et al., 2020), we assume that the ex-
posed agent becomes infectious 2 days before the emergence
of symptoms. The symptoms’ severity of not-hospitalized
symptomatic agents are differentiated by assigning them a
symptoms severity index, between 0 and 1 exclusive, with
the probability of the agent being assigned a higher value
increasing with its viral load and its age, decreasing with its
income quintile and being higher for males than for females.
The closer to 1 the symptoms severity index, the more se-
vere are the symptoms, the greater is the reduction of the
agent’s mobility. Therefore, the agent’s mobility is given by
the minimum between the illness-affected mobility and the
mobility resulting from the behaviourally determined isola-
tion rate of its household. Finally, the agent’s symptoms
severity index determine the probability that the agent will
take a test.
After the recovery period, a share of agents will die, with
a probability that also depends on age, social class and gen-
der. All other agents recover and we assume that they are
immune to Covid-19 thereafter.
Figure 1: Susceptible agents.
Figure 2: Susceptibles SEIR-simulation difference.
Simulation results
In this section, we present the results of a benchmark sim-
ulation repeated 20 times (the black lines representing the
average and the green bands around it, the standard devia-
tions). In Figure 1 we can observe the dynamics of the sus-
ceptible agents, compared to the typical logistic curve of a
baseline SEIR model with herd immunity. We can see that
there is an initial period when the spread is faster than the
baseline, then it slows to a lower rate than the baseline.
These dynamics are highlighted in Figure 2, showing the
difference between the two curves of Figure 1. Here we can
see that the spread in the ABM is faster than the baseline
SEIR model (red line) up to around Day 40 and is lower
thereafter, until around Day 60, when the SEIR curve be-
comes flatter than the simulation curve.
Figure 3: Total venue attendance.
Figure 4: Number of new cases.
Figure 3 shows the total visits to venues, going from a
maximum of around 1350 at the beginning of the simulation
to a minimum of approximately 9000 at Day 60. We can see
that there is a clear correspondence between the dynamics of
venue attendance and the speed at which the virus spreads,
represented by the number of new cases, shown in Figure 4.
In the next two figures, we show the number of hospital-
izations. While Figure 5 shows the total number of people
Figure 5: Hospitalized agents.
Figure 6: Hospitalizations by social class.
Figure 7: Degree distribution of infections’ network.
hospitalized, Figure 6 shows that the effects of the pandemic
are not equally distributed across income quintiles, with a
clear negative social gradient: the highest quintile has, on
average, little more than a third of the number of hospital-
ized agents than the lowest quintile.
Figure 7 shows the out-degree distribution of the infection
network, where the degree represents the number of infected
individuals by each contagious agent. We can see that the re-
lationship between the frequency of degrees and the degrees
on the log-log scale is approximately linear, (the R2 being
 0.97), with a scaling parameter of around 2.5, a typical
value of scale-free networks. The fact that the model repro-
duces a scale-free infections network is rather surprising if
we think that from a behavioural point of view all the agents
have a similar behaviour (apart from ‘linear’ differences re-
lated to their age and socioeconomic status).
Conclusions
The simulations showed that the structure of the interactions
and the agents’ behavioral adaptations to the pandemic have
effects that change the typical logistic curve which describes
the virus spread in the traditional SEIR models. In this pa-
per, we introduced a behavioural model through which the
households decrease their social interaction as a response to
the pandemic, a first step towards the development of more
policy-relevant agent-based models of pandemics. We pro-
pose that models like this can provide a platform for de-
signing and evaluating more effective public health restric-
tions and messaging during a pandemic. In future work, we
will further explore the behaviour of the simulation with de-
tailed sensitivity and uncertainty analyses, and investigate
policy scenarios and their impact on behaviour, including
lockdowns, social distancing and so on.
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